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South Africa is experiencing a major burden of HIV/TB. We used longitudinal data from the
Agincourt sub-district in rural northeast South Africa over the years 2000 to 2005. A total of
187 HIV/TB deaths were observed among 16,844 children aged 1–5 years coming from
8,863 households. In this paper we used Bayesian models to assess risk factors for child
HIV/TB mortality taking into account the presence of spatial correlation. Bayesian zero
inﬂated spatiotemporal models were able to detect hidden patterns within the data. Our
main ﬁnding was that maternal orphans experienced a threefold greater risk of HIV/TB
death compared to those with living mothers (AHR = 2.93, 95% CI[1.29;6.93]). Risk factor
analyses which adjust for person, place and time provide evidence for policy makers that
includes a spatial distribution of risk. Child survival is dependent on the mother’s survival;
hence programs that promote maternal survival are critical.
 2011 Elsevier Ltd. Open access under CC BY license.1. Introduction
The years 2000–2005 mark the middle of the United
Nation’s Millennium Development Goals (MDG) set out
by the 192 member states and 23 international organiza-
tions (Sachs and McArthur, 2005). Goal 4.1 aims at reduc-
ing child (under ﬁve) mortality by two-thirds over the
years 1990 and 2015. The sub-Saharan African region has
the greatest burden of disease and highest mortality of
HIV/TB. In 1990 the sub-Saharan Africa region had 184
child deaths per every 1000 live births, by the year 2006
27 of the countries in the region had made no progress inlic Health & Health
h, Faculty of Health
esburg 7 York Road,
+27 11 717 2610;
. Musenge).
BY license.reducing child deaths (UNDG, 2008). Globally, 2.1 million
children were living with HIV/TB in the year 2008 of which
90% were from the sub-Saharan region (UNAIDS, 2009).
South Africa’s HIV/TB orphans in 2008 were about 1.4 mil-
lion, the highest absolute number globally (UNAIDS, 2008).
In 1998, the year Demographic and Health Surveys were
started in South Africa, there was an under ﬁve mortality
rate (U5MR) of 59.4 deaths per 1000 live births, and aims
to reduce this to 20 per 1000 by 2015 (UNESCO, 2007).
The main cause of child deaths is HIV epidemic, contracted
mainly through mother-to-child-transmissions (MTCT)
with over 70,000 new infections yearly (UNICEF, 2009).
Public health priorities such as disease control interven-
tion are made difﬁcult in many developing countries due to
lack of good data mainly due to poor resources, poor man-
agement and inadequate skills. The analyses of public
health data often build from the statistical notion of each
person having a risk or probability of contracting a disease.
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exposures, behaviours and characteristics that may modify
an individuals’ or a population’s risk. However HIV/TB
interventions are hampered by a complex interlink of
social, behavioural, biological and spatial determinants.
Many articles have been published on HIV/TB mortality
in Sub-Saharan Africa. The issues focused mainly on the
impact of epidemics, assessing risk factors, measuring im-
pact of interventions and identifying high risk clusters. A
study done in rural Senegal showed a decreasing trend in
child mortality over a 37 year period (Delaunay et al.,
2001). Spatial analyses on 39 rural villages in Burkina Faso
under the Health and socio-Demographic Surveillance Sys-
tem (HDSS) over a 9 year period, showed that village and
distance from the health facility where among the risk fac-
tors for child mortality (Kynast-Wolf et al., 2002). A sea-
sonal mortality trend was also disclosed by the same
authors in another study of the same HDSS (Becher et al.,
2004). A Tanzanian study used spatial modeling tech-
niques and found that there is a need to adopt both a
group-based and a place-based approach in identiﬁcation
of high-risk HIV groups for intervention (Msisha et al.,
2008). In South Africa rural Kwazulu-Natal a study found
that prevalence of HIV was associated with ethnicity, ur-
ban status and unemployment based on over 11,000 per-
sons in 700 enumeration areas (Kleinschmidt et al.,
2007). In north east South Africa the relative risk (RR) of
HIV and TB has increased 10-fold over an 11 year period;
reaching 32.3 from 3.2 for the period 2001–2003 compared
to 1992–1994, (Kahn et al., 2007). Covariates that have
mainly been used to model child mortality are: HIV expo-
sure, poor maternal health, inadequate infant care, in-
creased exposure to infections, increased mortality,
immune system abnormalities, poor nutrition, reduced
breastfeeding and antiretroviral exposure (Filteau, 2009).
Methods applied in the analyses were mostly non-Bayes-
ian based, which are limited in catering for large datasets,
time and spatial random effects (Pacheco et al., 2008).
In epidemiological research, two study designs have
been used for follow-up studies: time series studies, that
estimate acute risk associated with short-term exposure
and cohort studies, that estimate chronic effects associated
with long term exposure. These approaches have been crit-
icized for potential confounding by time varying covariates
and individual risk factors or household level traits, respec-
tively (Greven et al., 2009). Failure to account for extra-
variation induced by temporal and spatial autocorrelation
can lead to an understatement of the uncertainty of the
risk of mortality (Burnett et al., 2001). Several approaches
can be used to address confounding, at the design level –
randomization, during the study – use of experts and vali-
dated instruments and during analyses – multivariable
regression, standardization and stratiﬁcation (Greenland,
1989). Bayesian and spatial statistical techniques can be
used to evaluate differences in rates observed from differ-
ent geographical locations, separate noise from patterns
and identify disease clusters.
However, these methods have been rarely used in HIV/
TB research to assess the diseases’ impact on populations
and their areas of residence. In this paper, we used Bayes-
ian models to assess risk factors of child HIV/TB mortalitytaking into account the presence of spatial correlation.
The modelling procedure adjusts for the household level
spatial random effects for child HIV/TB mortality. Some re-
lated earlier work has looked at all-cause mortality adjust-
ing for village (areal) level random effects (Sartorius et al.,
2011, 2010). Our ﬁndings can aid in understanding geo-
graphically adjusted risk factors of child HIV/TB mortality
in a rural South African cohort with sparse discrete
outcomes.2. Methods
2.1. Agincourt Health and Socio-demographic Surveillance
System (HDSS) data
The Agincourt HDSS was set up in 1992 in a rural sub-
district in Bushbuckridge Municipality of Mpumalanga
Province, northeast South Africa. The location was selected
mainly due to availability of several clinics and its lack of
infrastracture (Tollman, 1999). The Agincourt subdistrict
had a population of over 70,000 persons, living in approx-
imately 12,000 households scattered in 21 villages. The
area covered 432 square kilometres, with 34.2 km as the
maximum distance between two households (Fig. 1). Infor-
mation at individual level (infants, children and adults) is
collected once every year including vital events updates,
that compile migration, health, demographic, mortality
and fertility data (Kahn et al., 2007).
Special modules are run periodically such as socio-eco-
nomic status and food security. Cause of death data are ob-
tained through verbal autopsies conducted on every
recorded death by trained lay ﬁeldworkers (Kahn et al.,
2000). The cause of death is independently determined
by two or three medical doctors and classiﬁed according
to the World Health Organization’s International Classiﬁ-
cation of Diseases (ICD10). Every household is geo-coded
thus enabling spatial analysis at household as well as at
village level. Agincourt HDSS longitudinal data are corre-
lated in time and space (spatiotemporal), since they are
collected yearly on the same population. This makes it dif-
ﬁcult to analyze the data due to their collinearity and also
their large size.2.2. Outcome and explanatory variables
The child mortality independent variables were se-
lected in accordance with the approach proposed by Rut-
stein (2000) who mentions six main risk factors for child
mortality: socio-economic status, nutritional status, use
of health facilities, environmental health conditions,
maternal factors and infant feeding (Rutstein, 2000). The
persons included in the study were all the children aged
between 1 and under 5 years who lived or had lived in
the Agincourt HDSS between January 2000 and December
2005. The explanatory variables used were: child’s gender,
child’s and mother’s nationality, mother’s age, parents’
dead or alive, gender of household head, antenatal clinic
visit, mother’s parity at pregnancy and birth, cumulative
deaths in household, number of household dwellers,
number of deaths in household and mother’s total live
Fig. 1. Agincourt HDSS location North-East of South Africa. Source Kahn et al., 2000.
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variable.
The outcome variable was death due to HIV and or
tuberculosis (TB) determined by the WHOs ICD10 verbal
autopsy codes A16–A191 for TB and B20–B242 for HIV.
The outcome death was treated as a discrete (count) variable
since this provides epidemiologically better estimates of
prevalence and relative risk compared to the odds ratio
which results from treating it as binary outcome (Barros
and Hirakata, 2003; Fekedulegn et al., 2010). Treating the
outcome as such allowed us to employ the Poisson and Neg-
ative Binomial which yields more epidemiologically plausi-
ble relative risks for these cohort data. These models
which are members of the exponential family have a log link
function which has less identiﬁability issues in the general-
ized linear model compared to the logit link function which
results from treating the outcome as binary and using logis-
tic regression techniques (Agarwal et al., 2002).2.3. Spatiotemporal zero inﬂated Poisson and Negative
Binomial models
Agincourt child HIV deaths data had several problems
that made it difﬁcult to use standard statistical procedures:
over dispersion, caused by unobserved heterogeneity or
spatio-temporal correlation and data collected over large
numbers of locations with zero deaths. Conventional sta-
tistical methods applied to spatiotemporal data often
underestimate the standard error and thus the statistical
signiﬁcance is overestimated (Cressie, 1993). Bayesian
analyses of multilevel models for complex geostatistical
data can be done with the aid of Markov Chain Monte Carlo
(MCMC) parameter estimation procedure (Banerjee et al.,1 A16 = respiratory tuberculosis; not conﬁrmed bacteriologically or his-
tologically; A17 = tuberculosis of nervous system; A18 = tuberculosis of
other organs; A19 = miliary tuberculosis.
2 B20 = human immunodeﬁciency virus (HIV) disease resulting in infec-
tious and parasitic diseases; B21 = human immunodeﬁciency virus (HIV)
disease resulting in malignant neoplasms; B22 = human immunodeﬁciency
virus (HIV) disease resulting in other speciﬁed diseases; B23 = human
immunodeﬁciency virus (HIV) disease resulting in other conditions;
B24 = unspeciﬁed human immunodeﬁciency virus (HIV) disease.2004). Bayesian geostatistical models for temporal count
data with large number of zeros have been proposed by
Fernandes et al. (2009). We employ the above methodol-
ogy combined with semi-parametrically structured geo-
additive predictors, to identify the determinants of HIV/
TB related mortality in Agincourt HDSS data.
Geo-additive spatiotemporal zero inﬂated Poisson (ZIP)
as well as Negative Binomial (ZINB) models (see Appendix
A) were used in the analysis. The models have many
parameters and are hierarchical (multilevel), thus we re-
sort to full Bayesian inference with the computationally
efﬁcient MCMC techniques. Multiple variable models were
used to assess the effect of different covariates in the pres-
ence and absence of geographical heterogeneity (Gosoniu
et al., 2008). We investigated the presence of over-disper-
sion (when d!1 it is absent) and zero inﬂation (when
h ¼ 0, it is absent) (Fahrmeir and Echavarria, 2006). Spatial
dependence fspatðsÞ was modelled by assuming that the
random effects follow a zero mean stationary multivariate
Gaussian random ﬁeld (GRF) with spatial variance r2spat and
isotropic Matern correlation functions. For the exponential
correlation which is a special case of the Matern
function, the multivariate GRF fspatðsÞ  MVNð0;
PÞ has
variance–covariance matrix
P ¼ r2spat exp½bqdij, where
dij is the Euclidean distance between households i and
j;r2spat is the geographic (spatial) variability known as the
sill and bq ¼ maxijksi  sjk=0:001 is the empirically
estimated rate of spatial correlation decay (Brezger
et al., 2005). Multivariate Gaussian random ﬁeld (GRF)
priors fspatðsÞ ¼ pðbspat jr2spatÞ / j
P j12 exp 1r2spat ðbspatÞ0P1bspat
 
,
where bspat is the vector of household speciﬁc structured
spatial coefﬁcients, whereas the non-structured utilize
the independent and identically distributed (i.i.d) Gaussian
priors with Inverse Gamma (IG) hyper-priors (Brezger and
Lang, 2006).
Bayesian based model ﬁtting requires the inversion of
the variance–covariance matrix (
P
) with the same size
as the number of geo-locations (households). Due to the
large number of observations in our dataset, the estimation
of model parameters becomes unstable and unfeasible;
this problem is popularly known as the ‘‘big N’’. We
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approximate the stationary Gaussian random ﬁeld (Kam-
man and Wand, 2001). Firstly the spatial correlation decaybq is estimated from a ‘‘representative’’ subsample obtained
using the mini-max space ﬁlling criteria, hence only
parameter r2spatð1=s2spatÞ needs to be estimated. This reduces
the computational burden since the spatial decay is ﬁxed
and the large Euclidean distance matrix is also constant,
resulting in estimation of the spatial variance and parame-
ter vector of household spatial effects.
Full Bayesian inference was done via MCMC simulation
based on updating full conditionals of single parameters or
blocks of parameters, given the rest of the data. Gibbs sam-
pling was used for closed conditionals and for the numer-
ically intractable a slightly modiﬁed form of the
Metropolis-Hastings (MH) algorithm based on iteratively
weighted least squares (IWLS) (Casella and George, 1992;
Banerjee et al., 2004). A total of 55,000 iterations on a sin-
gle chain were run with the ﬁrst 5000 discarded as burn-in
and to reduce auto-correlation every 25th value was taken
to form a posterior sample of 2000. MCMC convergence
was assessed using diagnostic procedures proposed by Raf-
tery and Lewis (1992), Geweke and Minneapolis (1991)
and Heidelberger and Welch (1983). These convergence
diagnostics techniques were done in the R-package, ‘‘con-
vergence diagnosis and output analysis’’ (CODA) (Plummer
et al., 2006). Additionally a graphical assessment was done
using trace-plots, histogram density plots and auto-corre-
lations of parameters and the summary statistics assessing
the closeness of the mean and median posterior estimates
(Nylander et al., 2008).
2.4. Goodness of ﬁt and best model selection
The deviance information criteria (DIC) was used in
determining goodness of ﬁt of the proposed models, this
can be deﬁned as ‘‘classical estimate of ﬁt, plus twice the
effective number of parameters’’ (Spiegelhalter et al.,
2002). This is a technique for Bayesian model selection
for MCMC derived posteriors. The procedure works on
the assumption that the posterior distribution is multivar-
iate normal and the un-standardised deviance is given as:
D(X) = 2log(p(yjX)), where y are the data, X are the
unknown parameters of the model, p(yjX) is the
likelihood. After addition of the standardising constant
C = 2log f(y) we get the Bayesian or saturated deviance
DðXÞ ¼ 2 logðpðyjXÞÞ þ C. The expectation of this devi-
ance D ¼ EX½DðXÞ measures how well the model ﬁts the
data, the smaller it is the better. The measure of model
complexity or parsimony is the effective number of param-
eters; pD ¼ D DðXÞ, where X is the expectation of X the
smaller it is the more parsimonious. From these measures
we get the deviance information criteria; DIC ¼ pD þ D and
upon substitution of D we get DIC ¼ 2pD þ DðXÞ, which
penalises on complexity and lack of ﬁt. Selection of a better
model based on the DIC basically favours models with the
smaller values.
The data extraction was done using Structured Query
Language (SQL). Preliminary data analyses, trend analyses,
Kaplan-Meier survival graphs and data management were
done using STATA 10.0 (StataCorp, 2007). The BayesianMCMC analysis was done using a software package called
BayesX (Belitz et al., 2009). This package utilises computa-
tionally efﬁcient C++ algorithms (Press, 2002). The soft-
ware ran on a quad core processor with 4.0 gigabytes of
random access memory (RAM) within a Linux environ-
ment. The routines used to estimate the parameters of
the models via MCMC which perform Gibbs sampling
and Metropolis Hastings within Gibbs sampling. Multivar-
iable analyses were performed to determine patterns for
HIV/TB mortality adjusting for possible household con-
founders. Posterior risk maps were produced using map-
ping packages in R (R-cran, 2010).2.5. Ethical clearance and informed consent
The Agincourt HDSS site was granted ethical clearance
by the University of the Witwatersrand’s Committee for
Research on Human Subjects (No. 960720). This work
was also granted ethical clearance by the University of
the Witwatersrand’s Committee for Research on Human
Subjects (M081145). Verbal informed consent was ob-
tained when the census rounds were conducted and also
when verbal autopsy data were collected from a close rel-
ative of the deceased.3. Results
3.1. Exploratory analysis and descriptive statistics
The data used were for children aged 1–5 years residing
in Agincourt HDSS from 2000 to 2005 whose geo-location
data were available. These totalled 16,844 children from
8863 households, with a range of 138–835 households
across the 21 villages. A total of 187 deaths were HIV/AIDS
and Tuberculosis related from 59,448.15 person years
yielding a 1–5 years mortality rate (1–4MR) of 3.15 deaths
per 1000 person years. There were slightly more females
than males (51% vs 49%) and 37% were formerly Mozamb-
ican in origin. Mothers had an average age of 29 years, 65%
were South African and about 1% had deceased compared
to 2% of the males. The women in the area on average vis-
ited the antenatal facility four times during their preg-
nancy and 34% were heads of their households.
An investigation of the survival experience using the
Kaplan–Meier (KM) curves (Fig. 2, left) showed differences
in the survival experiences over the years 2000–2005. We
assessed the differences in survival experiences over the
years using the generalized Fleming–Harrington test
weighted for later years failures (p = 0.048) (Fleming and
Harrington, 1984). However there was no signiﬁcant trend
over the years (p = 0.728). This procedure of stratifying
over the years was used to assess for the possibility of tem-
poral random effects.
The year speciﬁc child 1-4MRs per 1000 person years
from 2000 to 2005 were 3.57, 2.41, 3.33, 2.54, 4.44 and
1.55, respectively, consistent with the KM curves (Fig. 2,
right) for the respective years. There was a statistically sig-
niﬁcant difference in the 2002 mortality rates compared to
2000 from the spatial and non-spatial analyses (see
Table 2). The knots used in the low rank kriging were ﬁt
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Fig. 2. Kaplan–Meier (KM) survival function over the years 2000–2005 (left) and year speciﬁc Kaplan–Meier (KM) curves (right).
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tribution of 50 knots. The small faint (red)3 dots are the
locations and the squares are the selected 50 knots, since
the bq (rate of spatial correlation decay) is ﬁxed the number
of knots only impacts on the computational speed and not
on the accuracy of the estimates. The ZIP model was used
to cater for zero inﬂation and to cater for both the excess
zeros and over-dispersion, the ZINB model was used. The
zero inﬂated Negative Binomial spatial temporal model
showed an over-dispersion estimate d = 1.79 ± 1.87[95%
CI(0.041;6.935)] and the zero inﬂation estimate was
h = 0.077 ± 0.062[95% CI(0.010;0.217)]. These values show
that there is some over-dispersion and zero inﬂation, thus
ignoring these entirely in the modelling may cause model
instability.3.2. Spatiotemporal confounding adjusted determinants of
child HIV/TB mortality
Multivariable analysis was done using non-spatial and
spatial models for child speciﬁc variables, maternal vari-
ables and household variables. Bayesian semi-parametric
geo-statistical models with location-speciﬁc random ef-
fects were ﬁt to estimate the degree of zero inﬂation,
over-dispersion, temporal and spatial correlation in the
child HIV/TB mortality data. Spatial models showed more
stable results with smaller standard errors in comparison
to the non-spatial, the mean-based adjusted hazard ratios
[AHR = exp(mean)] estimations were reported. The ages
(interval start ages) were used in the analysis as the dura-
tion of follow-up (offset variables) until death, loss-to-fol-
low up or survival between 1 and 5 years of age over the
period 2000–2005. The outcome variable was treated as
discrete count of child deaths due to HIV/TB (0 = Alive
and 1 = Death). The outcome was treated as such to get
more epidemiologically intuitive estimates for cohort data3 For interpretation of color in Fig. 3, the reader is referred to the web
version of this article, these appear light grey in the black and white printed
version.and to avoid identiﬁability problems associated with the
logit link functions as highlighted earlier. Multivariable
regression models were ﬁt to account for spatial and tem-
poral correlation; co-variables were added to the models to
control for potential confounding in determining factors
associated with child HIV/TB mortality (Pacheco et al.,
2008). Poisson and Negative Binomial models were ﬁt to
the data as well as their zero inﬂated variants. The offset
variable was ﬁt using the piece wise exponential (p.e.m)
with a ﬁrst order autoregressive model temporal prior
(see Fig. 4). Fig. 4 shows the log-baseline hazard function
for selected models, showing a narrower credible interval
for the spatial multivariable model in comparison to the
non-spatial.
Four models were ﬁt in the multivariable analyses these
were the non-spatial zero inﬂated Poisson (ZIP) model,
spatial zero inﬂated Poisson model, non-spatial zero in-
ﬂated Negative Binomial (ZINB) model and spatial zero in-
ﬂated Negative Binomial model. The ﬁrst two were to cater
for zero inﬂation and the last two were catering for zero
inﬂation as well as over dispersion. The deviance informa-
tion criteria (DIC) was used to measure model goodness of
ﬁt and the effective number of parameters ðpDÞwas used to
measure model complexity (Spiegelhalter et al., 2002).
Generally the spatial models had higher DIC because of
the spatial parameters and also the Negative Binomial
models had greater DICs compared to the Poisson; this
made it difﬁcult to judge the best model based on the
DIC alone. The pD which assesses model simplicity (parsi-
mony) was then used to determine the most parsimonious
model amongst these four. The zero inﬂated Negative Bino-
mial spatial model had the least number of effective
parameters and catered for over-dispersion, zero inﬂation
and spatial random effects (see Table 1). We therefore fo-
cused on this model in the results and discussion sections.
The spatial multivariable analyses results showed sev-
eral determinants of child HIV/TB mortality in the catego-
ries consistent with the non-spatial analyses. Several
variables were statistically signiﬁcant at the 5% level, these
were either child, mother or household related. The results
Fig. 3. Knots ﬁtted using the mini–max space ﬁlling criteria from Agincourt households 2000–2005.
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Fig. 4. Non-spatial ZINB with AR(1) baseline hazard (left) and multivariable spatial ZINB with AR(1) baseline hazard (right).
Table 1
Model goodness of ﬁt non-spatial/spatial zero inﬂated Poisson and Negative Binomial models.
Non-spatial zero
inﬂated Poisson
nsZIP Spatial zero
inﬂated Poisson
sZIP Non-spatial zero inﬂated
Negative Binomial
nsZINB Spatial zero inﬂated
Negative Binomial
sZINB
Un-standardized Saturated Un-
standardized
Saturated Un-standardized Saturated Un-standardized Saturated
D 649.16 273.16 664.3 288.33 1674.77 1252.4 1865.41 1228.41
pD 246.51 246.51 247.7 247.7 83.86 104.72 47.95 36.23
DIC 1142.2 766.19 1159.79 783.79 1842.49 1461.86 1961.32 1300.88
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and ZINB, respectively. The ZIP models had ﬁve and six
out of the sixteen variables signiﬁcant in the non-spatial
and spatial analysis, respectively, whereas the ZINB had
eight and nine variables for non-spatial and spatial models,
respectively. The ﬁnal spatiotemporal ZINB model wasconsidered the ‘‘best’’ model which caters well for zero
inﬂation, over-dispersion and spatiotemporal confounding.
The ﬁnal zero inﬂated spatial Negative Binomial model
results showed these nine predictors of child mortality:
gender, nationality of child, death of mother, gender of
head of household, year, antenatal clinic visits, socio-eco-
Table 2
Non-spatial and spatial multivariable zero inﬂated Poisson models.
Variable Category Descriptive, n (%)
N = 16,844
Non-spatial zero inﬂated Poisson nsZIP Spatial zero inﬂated Poisson sZIP
Mean SD 2.5% Median 97.50% AHR Mean SD 2.5% Median 97.50% AHR
Gender Female (ref) 8506 (50.50)
Male 8838 (49.50) 0.415 0.25 0.12 0.42 0.93 1.51 0.38 0.25 0.11 0.39 0.88 1.46
Year 2000 (ref) 3360 (19.95)
2001 2826 (16.78) 0.49 0.30 0.14 0.50 1.10 1.63 0.50 0.30 0.10 0.52 1.02 1.65
2002 2633 (15.63) 0.837* 0.37 0.16 0.86 0.54 2.31 0.81* 0.333 0.17 0.81 1.46 2.25
2003 2496 (14.82) 0.56 0.43 0.21 0.53 1.43 1.75 0.56 0.40 0.32 0.58 1.27 1.75
2004 3002 (17.82) 0.15 0.34 0.50 0.15 0.80 1.16 0.17 0.32 0.52 0.17 0.80 1.19
2005 2527 (15.00) 0.22 0.47 1.14 0.20 0.61 0.80 0.21 0.45 1.07 0.20 0.65 0.81
Child’s nationality Mozambican (ref) 6242 (37.06)
South African 10,602 (62.94) 0.82 0.65 2.11 0.86 0.34 0.44 0.70 0.53 1.65 0.69 0.36 0.50
Mother’s nationality South African (ref) 10,883 (64.61)
Mozambican 5961 (35.39) 0.11 0.67 1.56 0.11 1.25 0.90 0.05 0.54 1.07 0.05 1.00 0.95
Mother’s age at birth Mean years ± SD 29.00 ± 7.60 0.01 0.02 0.02 0.01 0.04 1.01 0.01 0.02 0.03 0.01 0.04 1.01
Mother’s status Alive (ref) 16,736 (99.36)
Deceased 108 (0.64) 2.665* 0.81 0.90 2.74 3.90 14.37 2.456* 0.63 1.15 2.46 3.74 11.66
Father’s status Alive (ref) 16,531 (98.14)
Deceased 313 (1.86) 0.98 0.66 0.33 1.00 2.33 2.66 1.081* 0.49 0.06 1.09 2.04 2.95
Household head gender Female (ref) 3012 (33.98)
Male 5851 (66.02) 0.49 0.26 1.04 0.50 0.01 0.61 0.45 0.25 0.96 0.44 0.02 0.64
Antenatal visits Mean visits ± SD 4.04 ± 2.42 0.185* 0.05 0.29 0.19 0.09 0.83 0.184* 0.05 0.29 0.18 0.90 0.83
Pregnancy parity Mean ± SD 2.104 ± 1.396 0.25 0.22 0.14 0.24 0.67 1.28 0.25 0.21 0.16 0.25 0.67 1.28
Household socio-economic status Most poor (ref) 1566 (17.67)
Very poor 1701 (19.19) 0.17 0.32 0.83 0.17 0.41 0.84 0.22 0.30 0.82 0.22 0.36 0.80
Poor 1833 (20.68) 0.20 0.35 0.84 0.20 0.51 0.82 0.28 0.29 0.85 0.29 0.27 0.76
Moderately poor 1905 (21.49) 0.26 0.33 1.03 0.27 0.36 0.77 0.30 0.32 0.95 0.29 0.29 0.74
Least poor 1858 (20.97) 0.856* 0.42 1.60 0.84 0.04 0.42 0.941* 0.42 1.83 0.94 0.13 0.39
Cumulative household deaths Mean ± SD 0.252 ± 0.553 0.16 0.25 0.68 0.17 0.29 0.85 0.10 0.24 0.62 0.13 0.30 0.90
Parity at birth Mean ± SD 1.569 ± 0.856 0.369* 0.20 0.77 0.35 0.03 0.69 0.37* 0.18 0.74 0.37 0.02 0.69
Total living household Mean ± SD 1.569 ± 0.884 0.01 0.02 0.04 0.01 0.06 1.01 0.00 0.02 0.04 0.00 0.04 1.00
Number of deaths in household Mean ± SD 0.047 ± 0.222 0.854 0.50 0.11 0.86 1.80 2.35 0.89 0.48 0.17 0.92 1.79 2.44
Total live births Mean ± SD 2.030 ± 1.855 0.21 0.18 0.60 0.21 0.13 0.81 0.22 0.18 0.61 0.21 0.12 0.80
* Signiﬁcant at 5% level of signiﬁcance.
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Table 3
Non-spatial and spatial multivariable zero inﬂated Negative Binomial models.
Variable Category
N = 16,844
Descriptive, n (%) Non-spatial zero inﬂated Negative Binomial nsZINB Spatial zero inﬂated Negative Binomial sZINB
Mean SD 2.5% Median 97.50% AHR Mean SD 2.5% Median 97.50% AHR
Gender Female (ref) 8506 (50.50)
Male 8338 (49.50) 0.31* 0.14 0.07 0.28 0.62 1.32 0.326* 0.17 0.08 0.31 0.63 1.36
Year 2000 (ref) 3360 (19.95)
2001 2826 (16.78) 0.46 0.27 0.05 0.48 1.05 1.62 0.55 0.23 0.06 0.58 0.92 1.78
2002 2633 (15.63) 0.74* 0.24 0.16 0.79 1.14 2.20 0.762* 0.31 0.12 0.72 1.38 2.05
2003 2496 (14.82) 0.39 0.32 0.19 0.40 1.01 1.48 0.45 0.31 0.14 0.45 1.02 1.56
2004 3002 (17.82) 0.00 0.25 0.42 0.00 0.46 1.00 0.03 0.24 0.40 0.03 0.49 1.03
2005 2527 (15.00) 0.54 0.41 1.27 0.53 0.26 0.59 0.43 0.32 1.08 0.41 0.12 0.67
Child’s nationality Mozambican (ref) 6242 (37.06)
South African 10,602 (62.94) 0.41 0.32 1.02 0.35 0.09 0.71 0.643* 0.31 1.43 0.68 0.04 0.51
Mother’s nationality South African (ref) 10,883 (64.61)
Mozambican 5961 (35.39) 0.05 0.32 0.59 0.06 0.57 1.06 0.12 0.33 0.68 0.19 0.57 0.83
Mother’s age at birth Mean years ± SD 2900 ± 7.60 0.01 0.01 0.01 0.01 0.05 1.01 0.01 0.01 0.01 0.01 0.03 1.01
Mother’s status Alive (ref) 16,531 (99.36)
Deceased 108 (0.64) 1.479* 0.36 0.63 1.52 2.15 4.55 1.09* 0.47 0.25 1.08 1.94 2.93
Father’s status Alive (ref) 16,531 (98.14)
Deceased 313 (1.86) 0.17 0.32 0.55 0.24 0.70 1.27 0.11 0.44 0.82 0.16 0.82 1.17
Household head gender Female (ref) 3017 (33.98)
Male 5851 (66.02) 0.449* 0.16 0.70 0.49 0.15 0.62 0.54* 0.14 0.79 0.55 0.29 0.58
Antenatal Visits Mean visits ± SD 4.04  2.42 0.156* 0.03 0.21 0.16 0.09 0.85 0.17* 0.03 0.22 0.17 0.12 0.84
Pregnancy parity Mean ± SD 2.104 ± 1.396 0.04 0.11 0.24 0.03 0.18 0.97 0.08 0.11 0.14 0.08 0.26 1.09
Household socio-economic status Most poor (ref) 1566 (17.67)
Very poor 1701 (19.19) 0.32 0.18 0.65 0.32 0.08 0.72 0.36 0.24 0.81 0.31 0.09 0.73
Poor 1833 (20.68) 0.37 0.20 0.77 0.38 0.05 0.68 0.41 0.21 0.79 0.43 0.02 0.65
Moderately poor 1905 (21.49) 0.23 0.24 0.78 0.22 0.18 0.80 0.28 0.24 0.75 0.26 0.22 0.77
Least poor 1858 (20.97) 0.945* 0.33 1.57 0.97 0.28 0.38 0.99* 0.27 1.44 0.97 0.49 0.38
Cumulative household deaths Mean ± SD 0.252 ± 0.553 0.10 0.14 0.38 0.09 0.16 0.92 0.14 0.16 0.48 0.15 0.14 0.86
Parity at birth Mean ± SD 1.569 ± 0.856 0.291* 0.12 0.54 0.31 0.04 0.74 0.314* 0.11 0.55 0.31 0.12 0.73
Total living household Mean ± SD 1.569 ± 0.884 0.01 0.01 0.01 0.01 0.04 1.01 0.01 0.01 0.01 0.01 0.04 1.01
Number of deaths in household Mean ± SD 0.047 ± 0.222 0.703* 0.27 0.14 0.71 1.16 2.03 0.681* 0.29 0.12 0.69 1.20 2.00
Total live births Mean ± SD 2.030 ± 1.855 0.03 0.09 0.11 0.02 0.23 1.02 0.06 0.09 0.26 0.07 0.08 0.94
* Signiﬁcant at 5% level of signiﬁcance.
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Fig. 5. Posterior adjusted hazard rates (AHRs) smoothed map (left) and contour AHRs map (right) for child HIV/TB mortality 2000–2005.
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household. The boys were 36% more at risk of death com-
pared to the girls adjusting for other variables and space-
time confounders ð1:36 ¼ e0:311;95%CI½1:08;1:88Þ. There
was a temporal effect on HIV/TB mortality risk for the year
2002 which was more than twice that of 2000
ð2:02 ¼ e0:719;95% CI½1:13;4:00Þ. South African children
were almost twice better protected from HIV/TB death
compared to the Mozambican children after adjusting for
several variables ð0:51 ¼ e0:683;95% CI½0:24;0:96Þ. Or-
phans with a deceased mother were almost thrice at risk
of HIV/TB death compared to those whose mother’s were
alive keeping other variables constant ð2:93 ¼ e1:075;
95% CI½1:29;6:93Þ. Adjusting for other factors male
headed households were 42% less likely to experience a
child death in comparison to female headed households
ð0:58 ¼ e0:548;95% CI½0:45;0:75Þ.
For every increase by one visit to the antenatal clinic the
adjusted risk of death reduced by 16% (0:84 ¼ e0:173;
95% CI½0:81;0:89Þ. The least economically poor house-
holds were 62% less likely to experience a child death
compared to the most poor households (0:38 ¼ e0:966
adjusted; 95% CI½0:24;0:61Þ. The birth order position
was protective such that as this increased by one level
the adjusted risk of child death decreased by 27%
(0:73 ¼ e0:311;95% CI½0:58;0:89Þ. Lastly as the number
of household deaths increased by one the adjusted risk of
child HIV/TB death increased two fold (2:00 ¼ e0:694;
95% CI½1:12;3:33Þ.
Posterior risk estimates were displayed on smoothed
maps showing the smoothed areas where child deaths oc-
curred. Maps of posterior mean adjusted hazard rates
(AHRs) show point estimates and extreme high and low
risk areas (Ranta and Penttinen, 2000). Risk factors for
child HIV/TB mortality adjusting for potential spatiotem-
poral confounders were: being a boy, a former foreigner,
losing your mother, having a female head of house, being
socio-economically disadvantaged, being born earlier and
coming from households were many deaths occurred. Pro-
tective of child HIV/TB mortality were increasing number
of clinic visit and coming from households with more peo-
ple. Fig. 5 shows the maps of the households and the meanAHRs smoothed posterior maps adjusting for the afore-
mentioned risk factors, spatial and temporal potential
confounders.4. Discussion and conclusions
In our study we found that maternal orphans experi-
enced a threefold greater risk of death due to HIV/TB than
children whose mothers were still living (AHR = 2.93, 95%
CI[1.26;6.93]). This was adjusted for potential spatiotem-
poral confounding, number of household deaths, birth or-
der position and parity, child and mother’s nationality,
gender of house head and gender of child, which were all
signiﬁcant risk factors. Increased antenatal clinic visits
and cumulative total of adults in the house were protective
of the child’s death. These risk factors are interrelated and
fall into either child-speciﬁc, mother-related, household
socio-economic status, temporal or spatial. Risk map anal-
ysis showed that there were three hotspots central, south
easterly and south-westerly over the years 2000–2005;
similar hot spots were seen for the year 2004 alone and
also in another study considering only the areal (village)
level and temporal random effects (Sartorius et al., 2011).
The trends seen in this paper are consistent with other
studies in South Africa, in the same site and elsewhere. A
study in Agincourt showed that HIV/TB accounted for
about a third of the under-ﬁve deaths from 2002 to 2005
(Tollman et al., 2008). A similar non-spatial study on the
impact of parental presence on child mortality in Agincourt
1997–2005, showed that death of a mother was the most
predictive of the child’s death (OR = 5.22, 95%
CI[2.37;11.54]) (Collinson et al., 2009). The study also
showed that former Mozambican mothers’ children were
more than a third at greater risk of mortality than the
South Africans’ children (OR = 1.34, 95% CI[1.09;1.65]).
Similarly in rural Kwazulu-Natal child Province, mother’s
death increased the mortality risk fourfold adjusting for
child, household and mother’s variables (Argeseanu, 2004).
There are different schools of thoughts as to how the
maternal orphan HIV/TB mortality trends can be explained,
biological and socio-economical. Mothers who die due to
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regardless of the stage at which this occured (in utero,
intrapartum or postnatal). Support programs currently fa-
vour local South African mothers, making it more difﬁcult
for breast feeding foreign mother’s to access available ser-
vices and resources. Socially, if the mother (who will most
likely be the remaining bread winner) dies, this leaves
AIDS orphans with no caregiver or with grandparents
who can no longer work. This contributes to the deaths
of children due to poor nutrition, weakened immune sys-
tem and lack of adequate support. Although we concen-
trated on HIV as the main cause of death for these under
ﬁve children, TB may have played a signiﬁcant role leading
to death. However the verbal autopsy technique used to
determine cause of death does not distinguish these very
well for children. Although Agincourt is in rural South Afri-
ca, the use of available health facilities seems to be increas-
ing; using antenatal clinic visits as a proxy.
The other risk factors were mainly related to poverty as
direct proxies or indirect consequences of it. We found
that poorer socio-economic households had higher child
HIV/TB mortality rates, a ﬁnding which corresponds with
a study in rural Kwazulu-Natal Province (Ndirangu et al.,
2010). Poverty is a major contributor to child deaths in
Africa, every 3.6 s one person dies of starvation, usually
a child under the age of 5. One of the Millennium Devel-
opment Goals (MDGs) is to: ‘‘Eradicate extreme poverty
and hunger’’ (Eftim et al., 2008; Sachs, 2010). The child
support grant provided by the South African government
is an amount of ZAR260 p/m (US$38), is often all that
some families in the study area have to live on. The el-
derly get an old-age pension of ZAR1140 p/m (US$163)
which can be the main source of livelihood of families. A
study showed that female old-age pensioners cared for
children and improved the girl child’s likelihood to go to
school in Agincourt (Case and Menendez, 2007). These
studies reveal gender differentials in access to services,
and schooling.
Controlling for potential confounding in epidemiologi-
cal analyses gives strength to the estimates derived from
such modelling procedures. Our modelling approach caters
for spatial and temporal confounders and also for large
zero inﬂated spatiotemporal sparse data. Spatiotemporal
Bayesian modelling provided good estimates and maps
which can guide interventional programmes to be more
effective in addressing HIV/TB. There are some modelling
limitations which if addressed in future research will im-
prove on the epidemiological modelling. The temporal
component was discretized into whole years; this could
have been modelled as continuous and allow for formula-
tion of time varying covariates and spatiotemporal interac-
tions. As a way of dealing with identiﬁability issues and
getting more epidemiologically correct estimates; mem-
bers of the exponential (log link) family were used, other
less ﬂexible family of distributions could also be used for
sensitivity testing. Mostly non-informative priors have
been used; experts opinion could be sought to build and
apply more informative priors in our modelling. In dealing
with the ‘‘big N’’ problem several approaches can be used.
The package BayesX, whilst it cannot address all the mod-
elling issues, provides very useful Bayesian spatiotemporalmodelling algorithms which are applicable even in a re-
source scare environment.
Our results provide evidence useful for policy makers
advocating for better access to health-care and child sup-
port grants especially for non-South Africans, increase
and diversiﬁcation of HIV mother to child transmission
awareness programmes in rural areas. This study provides
evidence to support the South African government’s re-
vised HIV policy effected on 1 April 2010. The policy allows
HIV positive mothers to be on ante-retro-virals with a CD4
count of 350 (national cut off is 200) or less, symptomatic
HIV regardless of CD4 and also pregnant mothers from 14
gestational weeks onwards. Infants can now be tested
without the mother’s consent to save the child (Zuma,
2009). Child survival is dependent on the survival of the
mother, hence the need to strengthen anti-retro-viral
treatment. South African policy supporting maternal sur-
vival need to be strengthened. In an address to the nation
the South African president said: ‘‘One of the most impor-
tant results of the roll-out of anti-retro-viral therapy
among the general population will be the extension of
the lives of AIDS sick parents leading to a dramatic decline
in the number of orphans’’ (Bradshaw et al., 2002). The
main challenge as with many other policies is implementa-
tion. We suggest targeting endeavours to reduce mother-
to-child transmissions by effectively implementing inter-
ventions that reach rural villages and the poorest house-
holds which are often neglected.
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Appendix A. Zero inﬂated Poisson and Negative
Binomial Hierarchical Bayesian models
Observational outcome data can be modelled by differ-
ent known statistical distributions including the ﬂexible
E. Musenge et al. / Spatial and Spatio-temporal Epidemiology 2 (2011) 205–217 215exponential family. Mortality outcomes of the count of
deaths can be modelled using the basic log-linear Poisson
model were the outcomes yijXi  PoðkiÞ are conditionally
independent with mean and variance ki ¼ expðgiÞ with lin-
ear predictor gi ¼ Xib. The commonly applied logistic
regressionmodelswhichhave logit link functionshave been
seen to cause identiﬁability problems, resulting in unstable
model especially for spatial models (Agarwal et al., 2002).
We therefore treated the outcome death as a discrete
(count) variable since this provides better estimates of prev-
alence and relative risk compared to theodds ratiowhich re-
sults from treating it as binary outcome (Barros and
Hirakata, 2003; Fekedulegn et al., 2010). The Poisson
model can also incorporate the exposure time by introduc-
ing piece-wise exponential offsets oi resulting in
yijXi  PoðliÞ;li ¼ expðoi þ giÞ and in log-linear form
yijgi  PoðliÞ (Brezger and Lang, 2006). In this paper, we ex-
tend this model in three dimensions to address different
inherent problems in our hierarchical data structure. Firstly
the problem of over-dispersion when the mean is less than
the variancewhich can be addressed by use of conditionally
independent Negative Binomial (NB) distribution (Ridout
et al., 2001).We then extend ourmodel incorporate the dis-
persion parameter d > 0; yijgi; d  NBðli; dÞ. Secondly we
have the problem of excess of zeros known as zero inﬂation,
this is addressed by use of a latent process that inﬂates the
number of zero points with a weighting h for extra zeros
and 1 h for the ZIP and ZINBwhere 0 < h < 1.We then ob-
tain the conditionally independent zero inﬂated Poisson
yijgi; h  ZIPðli; hÞ and zero inﬂated Negative Binomial
(ZINB) yijgi; d; h  ZINBðli; d; hÞ whose hierarchical model
structures and likelihoods are shown below. Thirdlymodel-
ling which is ﬂexible to include; time varying covariates,
temporal random effects, spatial random effects, non-linear
covariates and desired interactions. This was done by
extending the linear predictor gi ¼ Xib to a structured addi-
tive predictor:
gi ¼
Xp
j¼1
fjðzijÞ þ Xibþ fspati ðskÞ þ esk
where fiðzijÞ are nonlinear effects of continuous covariate
zij;Xi is the linear (ﬁxed) effects design matrix and vector
of parameters b; fspati ðskÞ is the structured random spatial
at household sk 2s (all householdswith children in the area)
and esk being the unstructured non-spatial random effect.
Due to the complexity of the spatiotemporal data (corre-
lated in time and space) and their large size. Statistical
methods applied to spatial datawhich have spatial autocor-
relationoftenunderestimate the standarderror and thus the
statistical signiﬁcance is overestimated (Cressie, 1993). We
used the Bayesian estimation called the Markov Chain
Monte Carlo (MCMC), which require Gibbs sampling and
Metropolis Hastings within Gibbs (Banerjee et al., 2004).
Modelling spatial longitudinal data which are highly auto-
correlated has been made possible by introduction of the
Hierarchical Bayesian (HB) modelling approach. This
decomposes a complex problem into a series of simpler con-
ditional levels such that at any given level in the hierarchy
inference conditionally relies on hypothesesmade at higher
levels (Banerjee et al., 2004). The HB model constitutes offour levels: ﬁrstly the data level which speciﬁes the condi-
tional distribution of data given parameters i.e yi; secondly
a process level which speciﬁes the conditional distributions
of process given their parameters (these are usually logit
and log functions of Generalised Linear Models); thirdly a
parameter level with conditional parameter distributions
given priors and lastly hyper-parameter level which speci-
ﬁes the prior distributions for hyper-parameters. The pos-
terior distribution can then be used for full Bayesian
inference of the ZIP and ZINBmodels given the following full
conditional distributions. To estimate the parameters Gibbs
sampling is used by sampling from the full conditional dis-
tributions for posteriors with known closed forms (Casella
and George, 1992). For those without the closed form we
use the Metropolis Hastings (MH) randomwalk algorithms
(Browne and Draper, 2000).
A.1. Zero inﬂated Poisson model
A.1.1. Level 1: Data
The ZIP with a semi-parametric predictor offers a ﬂexi-
ble way to model the zero inﬂation parameter (h).
yijgih  ZIPðlihÞ with probability density function
Pðyijgi; hÞ ¼
hþ ð1 hÞ expðliÞl
yi
i
y!
i
if yi ¼ 0
ð1 hÞ expðliÞl
yi
i
y!
i
if yi – 0
8><>:
With expectation Eðyijgi; hÞ ¼ ð1 hÞli and variance
Vðyigi; hÞ ¼ ð1 hÞðliÞ þ hð1 hÞl2i .
A.1.2. Level 2: Processes
gi ¼ X 0ibþ fspati ðskÞ þ esk ;
h  Uniform½0;1
Xi is the linear (ﬁxed) effects design matrix and vector of
parameters b; fspati ðskÞ is the structured random spatial ef-
fect and esk being the unstructured non-spatial random
effect.
A.1.3. Level 3: Parameters
Priors for PðbÞ; Pðfspati js2spatÞ; Pðesk js2errorÞ; PðhÞ. Uniform
priors for PðbÞ and PðhÞ. Multivariate Gaussian random ﬁled
for Pðfspati js2spatÞ and Pðesk js2errorÞ are Gaussian independent
and identically distributed (i.i.d) random effects.
A.1.4. Level 4: Hyper-parameters and likelihood
Hyperpriors for Pðs2spatÞ and Pðs2errorÞ are all Inverse Gam-
ma  IGða; bÞ; with hyper parameters a⁄ = b⁄ = 0.001
(Brezger and Lang, 2006). After some computations the
likelihood of the ZIP models is:
Lðyijgi; hÞ ¼
Yn
i¼1
Pðyijgi; hÞ / exp
X
yi¼0
logðhþ ð1 hÞ
(
expðliÞÞ þWo log ð1 hÞ þ
X
yi – 0
ðli þ yi logðliÞÞ
)
where W0 is the number of units with strictly positive
responses.
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A.2.1. Level 1: Data
The ZINB with a semi-parametric predictor offers a ﬂex-
ible way to model the variability of the data catering for
over-dispersion (d), zero inﬂation (h).
yijgi; d; h  ZINBðli; d; hÞ with probability density
function
Pðyijgi; d;gÞ ¼
hþ ð1 hÞ ddþli
 d
if yi ¼ 0
ð1 hÞ CðyiþdÞCðyiþ1ÞCðdÞ ð
d
dþli Þ
dð lidþli Þ
yi if yi – 0
8<:
With expectation Eðyijgi; hÞ ¼ ð1 hÞli and variance
Vðyijgi; d; hÞ ¼ ð1 hÞðli þ
l2
i
d Þ þ hð1 hÞl2i .
A.2.2. Level 2: Processes
gi ¼ X 0ibþ fspati ðskÞ þ esk ;
djb  Gammaða; bÞ; h  Uniform½0;1
Xi is the linear (ﬁxed) effects design matrix and vector of
parameters b, fspati ðskÞ is the structured random spatial ef-
fect and esk being the unstructured non-spatial random ef-
fect. We set a = 1 and assume a Gamma hyper-prior for
b  Gammaða1;a2Þ.
A.2.3. Level 3: Parameters
Priors for PðbÞ; Pðfspati js2spatÞ; Pðesk js2error ; PðhÞ; PðdjbÞÞ.
Uniform priors for PðbÞ and PðhÞ, Gamma priors for PðdjbÞ.
Multivariate Gaussian random ﬁeld (GRF) priors for
Pðfspati js2spatÞ and Pðesk js2errorÞ are Gaussian independent and
identically distributed (i.i.d) random effects.
A.2.4. Level 4: Hyper-parameters and likelihood
Hyperpriors for Pðs2spatÞ, Pðs2errorÞ and PðbÞ are all Inverse
Gamma  IGða; bÞ; with hyper parameters a⁄ = b⁄ = 0.001
(Brezger and Lang, 2006). After some computations the
likelihood of the ZINB models is:
Lðyijgi; d; hÞ ¼
Yn
i¼1
Pðyijgi; d; hÞ1
/ exp
X
yi¼0
log hþ ð1 hÞ d
dþ li
 d !(
þWoðlogð1 hÞ  logðCðdÞÞ þ d logðdÞÞ
þ
X
yi – 0
logðCðyi þ dÞÞ þ yi logðliÞ
 ðyiþdÞ logðdþ liÞ

where W0 is the number of units with strictly positive
responses.
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